Background: Much of the research conducted to date implies overweight youth exhibit uniform active and sedentary behavioral patterns. This approach negates the possibility that multiple co-occurring, and seemingly contrasting, behaviors may manifest within the same individual. We present a substantive dialogue on alternative analytical approaches to identifying risk-related active/sedentary behavioral patterns associated with overweight in adolescents. Methods: Comparisons were made among latent profile analysis (LPA), cluster analysis (CA), and multinomial logistic regression (MLR). A cross sectional sample of youth (N = 6603; 12-18 yrs) completed a questionnaire assessing: physical activity (PA); competing activities (COMP); and sedentary activities (SED). Demographics associated with PA (age, sex, BMI) were used as covariates/predictors. Results: Comparisons among methods revealed that LPA and CA detected subgroupings of behavioral patterns associated with overweight, each unique in regards to behaviors and demographic characteristics, whereas MLR results followed established associations of low PA and high SED without subgroup separation. Conclusions: Use of LPA and CA provides a rich understanding of behavioral patterns and the related demographic characteristics. Decisions guiding the selection of analytical techniques are discussed.
Recommendations indicate the need to identify unique behavioral patterns associated with healthrelated behaviors and their corresponding health-related outcomes. 1 One health outcome of considerable attention is the increase in prevalence of overweight I among youth and the associated behavioral patterns of physical activity and sedentary behaviors. 2, 3 The identification of unique behavior patterns should lead to planning, implementing, and, ultimately, greater effectiveness of behaviorally-tailored interventions. We propose this can be realized by using statistical techniques that focus on the behavioral patterns likely to be linked to the development of overweight, rather than on groups defined a priori by an observed characteristics (ie, overweight versus nonoverweight).
Research conducted to date implies that overweight youth exhibit uniform active and sedentary behavioral patterns. [4] [5] [6] [7] [8] This is acknowledged by analyses that group youth according to a predetermined characteristic (ie, observed weight status), typically body mass index (BMI) age-sex specific percentile classifications. By doing such, the presumption is that all overweight youth originate from a singular population-one that engages in similar behaviors (eg, low active/high sedentary) and has similar characteristics that serve as antecedents or predictors (eg, race, age, gender) to the development of an unhealthy weight. Yet, the development of overweight in youth (ie, children and adolescents) is not a uniform process and thus, overweight youth do not all come from a singular, homogenous population. 9 The etiology of unhealthy weight gains in youth can be described in terms of equifinality-the same outcome, in this case overweight, originating from diverse routes. 10 Evidence indicates overweight is linked to low overall levels of physical activity 5, 11 and is attributed to excessive sedentary behaviors (eg, television viewing, videogame usage) [12] [13] [14] -separate behaviors, sedentary and active, but leading to similar outcomes-unhealthy weight gains. Equally, overweight can be described in terms of multifinality-diverse outcomes emanated from any one source. 10 Suggesting all youth who exhibit a certain characteristic, for example of Hispanic background, will develop an unhealthy weight would be a gross generality of minority status. Further, not all youth who watch excessive amounts of television are inactive, 15, 16 indicating presumably divergent behaviors can coexist.
Both cluster analysis and latent profile analysis are considered person-centered approaches 17 and take a multidimensional perspective to empirically identify groups or like clusters of individuals based on responses to multiple items of interest. Group membership is determined from unobserved heterogeneity (ie, groupings not directly observed but inferred from the data). The goal of both techniques is 2-fold. Individuals are placed into groups (eg, 2 or more) with other individuals based on their response patterns to a series of questions on a domain of interest (in the current context active and sedentary behaviors) and are different from response patterns of individuals in the other groups. 17 This is in contrast with traditional approaches (eg, logistic regression, analysis of variance) where group membership is inferred from observed characteristics (ie, overweight versus nonoverweight).
The use of latent profile analysis and cluster analysis have been instrumental in identifying subtypes of behavioral disorders 17, 18 and family dynamics, 19 yet they are under used in the obesity/activity literature with the exception of 3 studies. 16, 20, 21 Findings indicated unique behavior patterns do exist within the overall population, with these groupings characterized by variations in levels of active and sedentary pursuits. However, these studies used cluster analysis solely. Critiques of cluster analysis, 22, 23 specifically regarding the lack of statistical criteria for assessing the number of clusters and the inability to simultaneously model the antecedent (ie, covariates) variables in determining cluster membership, warrant caution in the interpretation of their results.
It would an untenable assumption to presume all youth who are overweight exhibit the same active and sedentary behavioral patterns. Thus, it is important to use statistical techniques, such as latent profile analysis and cluster analysis, which can partition behavioral patterns into various groupings that are then linked back to weight status. This paper presents a conceptual example of the comparison of multidimensional statistical procedures (ie, latent profile analysis and cluster analysis) designed to identify unique groupings of behavior patterns and compare them with a more traditional approach (ie, multinomial logistic regression) to the assessment of active and sedentary behaviors to overweight. The data presented here were selected to illustrate the methodological comparisons among the 3 analytical techniques (described below). Therefore, the results presented are not intended for elucidation, rather they serve to support the methodological discussion presented herein. Hence, the results should not be used to interpret physical activity behaviors of adolescents.
Methods

Data Source
All data were part of the Oregon Healthy Teens statewide assessment of the health and well-being of adolescents in Oregon. 24 A random sample, representing approximately one-third of all eighth and 11th graders across the state responded to a self-reported physical activity questionnaire designed to provide state comparative information with national data from the Youth Risk Behavior Survey (YRBS). The survey methods are explained in detail elsewhere. 24 A total of 8884 8th and 11th graders were administered the physical activity module of the questionnaire and were used to draw the final sample for the current study. Exclusion from the final analysis was based on missing data on 1 or more of the following: demographic information (eg, age, sex, and ethnicity) and body mass index (BMI) status; 6603 had complete information and comprised the final sample for the analyses.
Questionnaire
Demographic Variables. Students were asked to identify their age, gender, and self-report height (feet and inches) and weight (lbs). Students self-reported height and weight were converted to metric units (eg, lbs to kg) to determine BMI status based on age-sex specific percentiles. 25 Weight status categories were defined as a) healthy weight, below the 85th percentile; b) at-risk-of overweight or overweight, at or above the 85th percentile; and c) overweight (above the 95th percentile). Participants were asked to self-designate the ethnic group or groups with which they most readily identified. These were White non-Hispanic, African American, Asian, American Indian/Alaskan Native, Pacific Islander, and Hispanic.
Physical Activity. Students were administered a selfreport physical activity behavior questionnaire from the YRBS. Activity related questions queried intensity (ie, vigorous and moderate), sports, and physical education (PE) attendance. Past 7 day vigorous physical activity (VPA) and moderate physical activity (MPA) was measured using 2 questions. Vigorous activity was defined as "exercise or physical activity for at least 20 minutes that made you sweat/breathe hard" and moderate activity defined as "exercise or physical activity for at least 30 minutes that did not make you sweat/breathe hard." Examples of VPA were basketball, running, and fast bicycling, while examples of MPA were fast walking and slow biking. Responses ranged from 0 to 7 or more times per week. Sport participation was measured as the "number of hours spent participating in sports teams, either through school or in the community" during an average week over the past month, with responses ranging from 0 to 25 or more hours per week. Weekly attendance in PE was assessed by asking the students to indicate how many days they attend PE. Responses ranged from 0 to 5 days.
Sedentary Activities . Sedentary behaviors were defined as the number of hours during an average school day that the student spent a) watching television, b) playing video/computer games, and c) surfing the internet (nonschool related). Responses ranged from 0 to 5 or more hours per day.
Competing Activities. Competing activities were defined as the number of hours during an average week, over the past month, that the students were employed, volunteered, did homework, and household duties. Employment included any job for which the respondent received a paycheck or wages. Volunteering included such examples as religious activities, youth groups, music, special school events (eg, yearbook). Household duties included helping the family with house projects and general chore duties. Responses ranged from 0 to 25 or more hours per week.
Data Analysis
Three separate analyses were conducted on the data, with their results compared in regards to associated predictors and behavioral patterns linked with overweight in youth. The first analysis was performed using a traditional multinomial logistic regression with active and sedentary behaviors, along with age, gender, and ethnicity servings as predictors, was performed on groupings based a priori on observed weight status-at risk for overweight and overweight versus normal weight (reference category). The second and third analyses, latent profile and cluster analysis, are multivariate techniques used to identify subpopulations of unique behavioral patterns associated with overweight.
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Latent Profile Analysis. Class membership and the number of classes were first determined by examining statistical criteria for model specification. Initially, for each k number of class models (beginning with a 1 class model), each individual is assigned a probability based on their ability to fulfill the requirements for being in a specific class. The identification of the number of underlying classes within a sample is determined sequentially, whereby a one class model is specified initially, with additional classes added until the model fits the data well.
Model fit was determined by examining several statistical and substantive criterions on which to base the final k number of class model. Bayesian Information Criteria (BIC) was used to assess relative fit of a model with k classes to competing models (k minus 1 class and k plus 1 class). 27 The BIC is scaled so that small numbers indicate a good model with a large loglikelihood value. 17 In addition, we examined the posterior probabilities coinciding with class membership. This is the probability each individual has of being associated with one class versus the additional k classes. 26 Values were examined to determine the classification precision (entropy) of membership, with values ranging from 0 to 1. Values closer to 1 represent good classification rates. 28 A final statistical criterion was the adjusted Lo-MendellRubin (aLMR). The aLMR is a likelihood ratio test that compares a model of k -1 (k minus 1) classes to the k class model, with a significant P-value corresponding to the rejection of the k -1 class model. A significant P-value indicates that the k -1 class model is rejected in favor of a model with at least k number of classes.
The aLMR values are examined until adding successive classes' results in a P-value that is no longer significant, indicating that the last significant k class model fits the data well. Importantly, LPA allows for the simultaneous modeling of covariates (ie, weight status, age, sex, and minority status) to determine the final number of classes within the data.
Cluster Analysis .
II
A 2-step, hierarchical to nonhierarchical, cluster analysis approach was performed as suggested by Henry et al. 19 In step 1, a hierarchical single-linkage (ie, nearest neighbor) analysis was performed using Euclidian distance metric.
The optimal clustering of the data (ie, best number of groups) was determined by examining the pseudo F-statistic 29 index, which serves as a measure of separation between clusters. Higher values indicated the greatest separation among clusters. The results of step 1 provided an indication of how many clusters were expected in step 2.
Step 2, k-means clustering was performed by specifying the optimal number of clusters as indicated in step 1. In addition, cluster solutions were also examined for the next 2 best solutions (ie, solutions 2 and 3) as indicated by the pseudo F-statistic. The final cluster solution was determined by the initial pseudo F-statistic from step 1, the parsimony of clusters, and substantive interpretation of identified patterns (too many or too few). Unlike the LPA, CA does not simultaneously model the effects of covariates to determine the most representative number of clusters within the data. Thus, once clusters are identified, cluster grouping is used as a categorical variable by which a multinomial logistic regression model is calculated to examine relationships among the background variables (ie, weight status, sex, race, age) to cluster group. Apart from the above procedures for LPA and CA, the final decision for the appropriate number of clusters or groups should be based on the interpretability of the classifications and whether in practice the classes are substantively meaningful. 17, 19, 21, 27 This was performed by examining the group profiles (ie, plot of the means for each group) to determine whether adding successive classes provides meaningful unique classes/clusters of individuals or merely separates larger classes into less interpretable ones. This process was guided by the usefulness of the final classes in practice along with their interpretability. When discussing the different analyses, the term "classes" is used in reference to the results of the LPA and "clusters" when referring to the CA.
Data Treatment
Background variables of age, sex, ethnicity, and BMI status were used as covariates in identifying the final k class solution for the LPA. For CA, final cluster solutions (ie, group designation) were used as grouping variables and multinomial regression analysis were performed examining these cluster groupings in relation to the background variables. For all analyses, sex (boys = 1), BMI, and ethnicity were dummy coded as 0 or 1. Age was treated as a continuous variable. Because of the limited numbers of youth in several of the ethnic categories (American Indian n = 156; Asian n = 163; African American n = 84; and Pacific Islander n = 78), a single OTHER category was created. The final 3 ethnic categories were Hispanic, Other, and White non-Hispanic (reference group). CA and traditional multinomial logistic regression were performed using STATA (v.8.2). LPA analyses were carried out using the Mplus (version 3.13) structural equation program. 30 A summary of sample characteristics can be found in Table 1 .
Results
Multinomial Logistic Results
The traditional method (ie, multinomial logistic regression), defining groups a priori on weight status, indicated that overweight and at risk for overweight, and excessive television viewing were associated with being a younger Hispanic boy (see Table 2 ). Engaging in less sports and lower moderate levels of physical activity were also predictors for both weight categories. Low physical education participation was a predictor for overweight youth, solely. Interestingly, increased household work and volunteer activities was associated with overweight status, with the former associated with being at risk for overweight only.
Latent Profile Results
The results of the LPA are presented in Tables 3 and  4 , in conjunction with Figure 1 . The statistical criteria (outlined in Methods) indicated a 5-class LPA solution best represented the underlying subpopulations of the data (see Table 3 ). The means of the 5 classes were plotted and are presented in Figure 1 . The 5 unique behavioral patterns were: moderate physically active/high competing activities/low sedentary activities (Class 1-Workers); low physically active/low sedentary activities (Class 2-Non-Movers); high physically active/high sport/low sedentary activities (Class 3-Movers); moderate physically active/high sedentary activities (Class 4-Watchers); and moderate physically active/low sedentary activities (Class 5, reference class). The relation of class membership to overweight status revealed that Class 1, 2, and 4 members were positively associated with being overweight (BMI ≥ 95th percentile), and youth in Class 4 were more likely to be at risk for overweight (≥ 85th and < 95th percentile; see Table 4 ). Workers (Class 1) were likely to be older White non-Hispanic girls, whereas Non-Movers (Class 2) were likely to be older girls with no association with minority background. Watchers (Class 4) were more likely to be older boys.
Clustering Results
The results of the CA are presented in Tables 5 and 6 , in conjunction with Figures 2 and 3 . The results of the initial hierarchical single-linkage CA with the pseudo F-statistic indicated a 6-cluster solution best separated the clusters into distinct groups (see Table 5 ), followed by a 10-and 14-cluster solution. Subsequently, k-means cluster analyses designating a 6-, 10-, and 14-cluster solutions were conducted. In addition, a 5-cluster solution was conducted to compare with the LPA results. The means of each cluster for the various solutions were plotted and are presented in Figure 2 for the 6-cluster solution and Figure  3 for the 5-, 10-, and 14-cluster solutions. As illustrated in Figure 2 and 3, the cluster solutions produced nonuniform results. The 6-cluster solution indicated the defining characteristic in behavioral patterns was with the activity variables (eg, VPA, MPA, sports) and working hours per week (ie, job). Minimal variation was observed with competing activities (eg, homework, chores). Even less variation was observed among sedentary behaviors (eg, television, videogame usage). Only as successive clusters were specified, beyond the 6-cluster solution, were distinct clusters for competing activities and sedentary activities revealed (see Figure 3) . However, in doing so, the clusters became indistinguishable, with only minor variations in behavioral patterns observed. Based on the 2-step process which initially indicated a 6-cluster solution, the plotted means for each cluster, and the need to maintain interpretable clusters, this solution was followed with a multinomial logistic regression (MLR) analysis using cluster membership as a categorical variable. Although cluster 1 contained a higher percentage of the sample (21.6%), we designated cluster 3 (21.4%) to serve as the reference group in the MLR model. This was based on the assumption of low activity levels, as demonstrated by cluster 1, to be positively associated with an unhealthy weight (see Table 6 ). The results of the MLR are presented in Table 6 . As suspected, cluster 1 was associated with being overweight. This cluster was further characterized by youth who were older girls. The additional clusters (ie, 2, 4, 5, and 6) were distinguished by members who had varying attributes. Yet, none of these clusters were associated with an unhealthy weight.
In summary, both the LPA and CA detected subgroupings of varying risk-related behavioral patterns related overweight in adolescents. The LPA identified 5 subgroupings (ie, profiles), each unique in behavioral patterns and covariates describing group membership (eg, gender, ethnicity, weight status). For CA, a 6 subgroup (ie, clusters) solution was identified, with only 1 of the 6 subgroups behavioral patterns associated with an unhealthy weight. As expected, the results of the traditional MLR approach revealed associations consistent with current knowledge on the correlates of unhealthy weight gains.
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Discussion
The ability to tailor health behavior change interventions to specific characteristics of a target population greatly increases the likelihood the techniques will be accepted by those in need and subsequently result in positive health outcomes. 32 When dealing with the pervasive problem of childhood and adolescent overweight, identifying salient features of those exhibiting distinctive riskrelated behavior patterns associated with an unhealthy weight gain can be used to maximize the acceptability of an intervention. To date, many studies approach overweight as if its occurrence ensues within the confines of specific behaviors-decreased activity co-occurring with increased sedentary behaviors-thereby treating all overweight youth as 1 homogenous population with similar precursors to an unhealthy weight development. Secondly, studies 16, 20, 21 examining the multidimensional nature of activity and sedentary behaviors in youth have used cluster analysis solely. Given this approach's lack of statistical criteria for determining the number of existing clusters within a sample 22 and its inability to model covariate/antecedent variables simultaneously in determining cluster membership, 23 we presented an alternative technique-latent profile analysis (LPA)-that can be used to partition the population into unobserved (ie, latent) homogenous groups based on risk-related behavior patterns for active and sedentary behaviors. To illustrate LPA's utility, we contrasted it to cluster analysis and traditional multinomial logistic regression. These analyses were further examined in relation to overweight status and background variables (ie, sex, age, and ethnicity). It needs to be noted that the results presented herein are to illustrate methodological techniques are should not be used to elucidate on the physical activity behaviors of adolescents.
Across the 3 analyses, similarities and variations in risk-related patterns were observed for several characteristics. The consistencies observed were the association between overweight and physical activity levels. Each analysis pointed to reduced physical education (PE), sports, and moderate physical activity participation as the primary factor related to an unhealthy weight status. This is observed with the Non-Movers (Class 2) of the LPA demonstrating the lowest mean levels activity involvement and the Workers' (Class 1) low levels of PE and sport involvement. Similarities were observed with Cluster 1 of the CA (see Figures 1 and 2, respectively) . Interestingly, Worker and Non-Mover, and Cluster 1 membership were associated with being an older girl. This distinction was not made in the MLR analysis. In fact, unhealthy weight status was associated with being a boy. Such findings illustrate the variation in supposed relationships across multidimensional analyses (LPA and CA) versus a univariate outcome based on a priori group membership (ie, weight status, MLR).
A further similarity was observed between overweight and at risk for overweight status for the MLR and LPA. Both demonstrated a positive relationship between excessive television viewing and an unhealthy weight and both indicated that boys were more likely to be associated with this behavior. Increased time spent watching television is linked to increased BMI status for both boys and girls, [33] [34] [35] with studies indicating this behavior is greater in boys. 36, 37 However, important distinctions were made with the LPA, where the Watchers (Class 4) also exhibited moderate to high levels of activity involvement (see Figure 1) . Conversely, the MLR found that high sedentary and low activity levels coexisted (see Table 2 ). Previous studies indicate high sedentary and high active behaviors do occur in unison. 15, 16 Interestingly, the CA only detected differences among cluster groupings in sedentary behaviors as an uninterruptible number of clusters (10 and 14 clusters) were specified (see Figure 3 ). Yet, when the sedentary behaviors were revealed in the 10 (Cluster 8) and 14 (Cluster 5) cluster solutions, the pattern of the behaviors, with high television viewing, followed by video game and computer usage, was consistent with the pattern observed with the LPA 5 class solution. The difference between LPA and CA in identifying distinct behavior patterns was also observed for the competing activities (eg, homework, chores). Similar to the sedentary behavioral patterns, a cluster associated with increased competing activities was not observed until the 10-cluster solution. Yet, as before, the pattern was similar to that observed with the LPA (ie, high volunteer and homework, followed by high chores). These analyses indicate that a subpopulation of youth who engage in high sedentary/moderate activity and high competing activities exists, but are only detected in an interpretable context using the LPA-that is, the CA revealed these subgroups only when the number of clusters identified was beyond substantive and practical interpretation.
One potential reason for the uninterruptible number of clusters required to differentiate a high sedentary and high competing activity clusters may be due to the inability of CA to simultaneously model antecedent variables (ie, age, sex, race/ethnicity, and weight status) in determining the number of clusters within the data. 23 The use of this "auxiliary" information is crucial for the correct prediction of group membership and provides important information regarding the profiles of individuals who comprise the groups. 27 In absence of this information for group identification, one risks miss-specifying the number and composition of the underlying groups existing within the population. Because CA does not allow for the use of antecedent variables in determining the number of clusters, this may limit its utility when attempting to distinguish unique risk-related behavioral patterns within a heterogeneous population. While LPA and CA were able to identify subpopulations (ie, classes or clusters, respectively) of deleterious behavioral patterns consistent with the overweight literature, the utility of the solutions were not uniform across analyses. Careful consideration, therefore, needs to be exercised when selecting a multidimensional approach. A primary difference between LPA and CA is the former is a model-based approach which assumes that k-number of probability distributions exists within the data. This statistical modeling allows for a probability-based classification of individuals into classes using maximum likelihood estimation. Since latent class membership is based on a probability, each individual contributes to the class with a weight equal to their probability of residing within the class. 23 In contrast, individuals classified in k-means clustering are weighted as either 0 or 1, which may bias cluster means. 23 Statistical modeling of the unobserved heterogeneity also allows for a relaxation of the assumptions required for cluster analysis, such as equal variances and local independence. Because the number of classes/clusters is unknown a priori, the ability to use formal statistical tests to confirm/refute the number of underlying unobserved subpopulations within the data are a further advantage of the LPA. The number of clusters in k-means clustering, on the other hand, is determined primarily by the researcher. Although in this study we used a 2-step process, with step 1 relying on the pseudo F-statistic to determine the number of clusters to specify in the final k-means analysis, this method is viewed as a preliminary step and not one that has garnered consensus in determining whether a solution fits the data. 19 In fact, multiple cluster solutions are possible from a single data set, with variations in clustering determined by the analytical cluster technique employed (eg, nearest neighbor, farthest neighbor, Wards). 19 And as mentioned previously, the ability to simultaneously model antecedents/covariates in determining the number of subpopulations provides a more realistic modeling approach to classifying individual behavioral patterns, especially in light of the numerous correlates of activity involvement. 38 Given these differences, we therefore caution practitioners against using cluster analysis when the purpose is to describe underlying subpopulations that exist within the population.
Recommendations have indicated the need to identify unique behavioral patterns associated with healthrelated behaviors. 1 The assessment of the co-occurrence of activity behaviors and other health-related behaviors in different groups (age, race, gender), the factors influencing the co-occurrence, and the identification of subgroups in the community that are homogenous with regard to physical-activity related beliefs and practices 1 may prove fruitful in designing efficacious and effective intervention programs. Our purpose was to illustrate the utility of using LPA to describe the underlying subpopulations that exist within a large sample of adolescents. The majority of the findings were consistent with the prevailing literature to date, thereby lending support for the LPA approach. When dealing with complex behavioral phenomena it is imperative to consider that multiple outcomes may emanate from any one source (ie, multifinality) and that any one outcome may originate from divergent sources (ie, equifinality). 10 Therefore, we suggest that researchers consider the use of the LPA multidimensional technique presented. Moreover, when working with heterogeneous populations, LPA may prove useful in the identification of varying risk-related behavioral patterns associated with different demographic characteristics. This information can then be used to tailor behavioral interventions to address the most salient attributes of the subpopulation.
Notes
I. Overweight, unless otherwise stated, is used by the authors to describe both at risk for overweight (≥ 85th and < 95th percentile) and overweight (≥ 95th percentile) using age-sex specific body mass index percentiles from Centers of Disease Control growth charts.
II. Researchers suggest standardizing variables before performing cluster analysis to minimize unequal variances (24) . We performed the 2-step analysis with standardized variables, with results suggesting an 8-cluster solution. Given the need for parsimony and interpretation of clusters, we present the nonstandardized solution only. The 8-cluster solution is available upon request from the corresponding author.
